Abstract: This paper presents a new application of robust filtering in the field of robotic rehabilitation. A robust filter is used in a sensor fusion strategy for estimation of the absolute position of an active ankle-foot orthosis, which is part of an exoskeleton being constructed for lower limbs. The signals of a gyroscope, an accelerometer and three force sensitive resistors are used in the sensor fusion strategy. The filter algorithm considers parametric uncertainties in the dynamic matrices, a common characteristic of robotic systems like the active orthosis we are dealing with here. Thence, the uncertainty present in the gyroscope model is included in the state-space robust filter to guarantee the reliability of the position estimation. Experimental results obtained from the orthosis are used to validate the proposed estimation procedure based on sensor fusion and robust filtering.
INTRODUCTION
In the past few years, robotic devices for rehabilitation engineering have been developed and, among them, exoskeletons for upper and lower limbs have been widely exploited (see e.g., Blaya [2002] , Au [2006] , Pons et. al. [2007] ). However, regarding lower limb exoskeletons, some issues still need to be improved to ensure an effective gain for the patient, such as force and impedance controls to suit the patient's gait pattern.
As the control of these robots is generally performed using information about absolute and relative angles of their segments, it is necessary to use sensors which provide a reliable and accurate position measurement. Thus, inertial sensors, i.e., gyroscopes and accelerometers, have been applied successfully in gait identification, (see e.g., Tong [1999] , Lau [2008] ). In Moreno [2006] , it is proposed the application of an Inertial Measurement Unit (IMU)-a device that contains these low-cost sensors-to determine the knee joint segment angle of a leg orthosis. In addition, together with inertial sensors, Force Sensitive Resistors (FSR) can be applied in gait-phase identification systems. In Pappas [2004] , these sensors are used in a device mounted in an insole to determine the instants and phases that exist in the human gait, namely heel-off, heel-strike, stance phase and swing phase. Nevertheless, the position measurement obtained from the gyroscope signal is corrupted by two main sources of error: the influence of the noise in the integration process in order to obtain the position and the drift of the offset voltage, which occurs primarily due to the heating of the device, Pappas [1999] . Moreover, if the accelerometer is used to compute the position, the result will be accurate only when the magnitude of the acceleration measured can be neglected with respect to the gravity acceleration magnitude, Luingue [2005] . Thus, among several methods available to correct the errors of the low cost inertial sensors, sensor fusion (see e. g., Hall [1997] , Luo [2002] ) stands out. The use of redundant information results in a more reliable and accurate measurement, essential for control purposes. According to Luo [2002] , sensor fusion algorithms can be classified as estimation methods, classification methods, inference methods and artificial intelligence methods.
In position estimation problems, the application of sequential estimation techniques, such as the Kalman filter, provides an optimal estimation if the system can be described by a linear model and if the sensor error can be modeled as white Gaussian noise. In Caltran [2010] , the Kalman filter was used to estimate the absolute position of the active ankle-foot orthosis presented in this paper. However, a good performance was not guaranteed for all situations due to uncertainties existing in the sensors model.
To take into account these model uncertainties, robust filters can be used, guaranteeing a better performance in the estimates. According to Sayed [2001] , three distinctive approaches to state-space estimation in this regard are H ∞ filtering, set-valued estimation, and guaranteed-cost designs. However, for any of these approaches, certain existence conditions have to be tested at each estimate, which can be a difficulty in on-line applications. Thence, Sayed [2001] developed a procedure for robust state-space estimation in the presence of modeling uncertainties that aims to minimize the worst-possible regularized residual norm over the class of admissible uncertainties at each iteration. Moreover, the resulting filters perform data regularization rather than deregularization, a property that eliminates the need to test existence conditions and is appropriate for on-line operation.
Thus, this paper presents a sensor fusion strategy to estimate the absolute position of an Active Ankle-Foot Orthosis (AAFO) based on the information of an IMU and three FSRs. The fusion of the information from the sensors is implemented using the robust filter proposed in Sayed [2001] . A switching logic was created in order to allow the filter to correct the estimated position within a certain range, in which the signal of the accelerometer is used as a redundant measurement, while in the remaining gait cycle, the position is obtained directly from the gyroscope signal. Furthermore, the analysis of the FSRs along with the absolute position allows the identification of the events present in the gait cycle. Experimental results obtained from the AAFO confirm the efficiency of the robust filter application in the proposed sensor fusion strategy.
The paper is organized as follows: Section 2 presents a brief description of the active ankle-foot orthosis and the modeling of the sensors placed on it; Section 3 shows the system modeling, the robust filter algorithm and the sensor fusion strategy; Section 4 shows the experimental results obtained from the AAFO; and Section 5 presents the conclusions.
ORTHOSIS DESCRIPTION AND SENSORS MODELING
The active ankle-foot orthosis is part of an exoskeleton under development for rehabilitation of subjects with disabilities in lower limbs. A set of sensors is placed on it to estimate the absolute position as well as to identify the events of the gait cycle.
Active Ankle-Foot Orthosis
The exoskeleton being developed, Gomes [2009] , is based on a LSU (Louisiana State University) reciprocating gait orthosis. The design of the exoskeleton with the position of the actuators in relation to the orthosis and the drive mechanisms of each joint is shown in Fig. 1 . It is considered that all joint in the sagittal plane will be driven by a series elastic actuator. Initially it was considered the development of the exoskeleton ankle joint, in other words, the building of an active ankle-foot orthosis, whose first prototype can be seen in Fig. 1 .
Set of Sensors
To determine the AAFO absolute position in the sagittal plane a gyroscope is used. However, due to the intrinsic problems of this inertial sensor, such as the drift of bias voltage and the cumulative error resulting of the integration process, an accelerometer is used to obtain a redundant position measurement. In addition, three force sensitive resistors were arranged in a sole of shoe placed on the AAFO to determine the events of the gait cycle.
Inertial Measurement Unit
The IMU used is from Sparkfun Electronics. It has a gyroscope ADXRS610 from Analog Devices, with 6 mV/ • /s of sensibility and ability to sense variations of ± 300
• /s, and two accelerometers ADXL320 also from Analog Devices, which are able to sense accelerations until ± 5g with 312 mV/g of sensibility when the IMU is powered by a 5V source.
The angular velocity obtained from the gyroscope,θ(k), at the instant k, can be modeled by:
where v g (k) (in Volts) is the gyroscope signal, a g and b g represent, respectively, the sensor gain and the offset voltage of the gyroscope, and η g (k) is the noise present in the system.
For the application of the gyroscope to measure the absolute position θ(k) of the orthosis, the signal obtained from the sensor must be integrated over time. According to Pappas [1999] , the estimated angular position is given by:θ
where ε g (k) is the error due to the integration process over time and T is the sample period.
To estimate the absolute position using the accelerometer output, v a (k) (in Volts), the following equation is used:
where the parameters a a and b a represent, respectively, the sensor gain and the offset voltage of the accelerometer, g = 9.81m/s 2 is the gravitational acceleration, and η a is the noise related to the acceleration measurement. Hence, the estimated angular position is given by:
where ε a (k) is the error due to the noise η a (k) present in the system.
Force Sensitive Resistors A sole of shoe was constructed using three FSRs, so that a sensor was placed underneath the heel, other in the middle, and another underneath the front part of the shoe. With this sensor configuration it is possible to distinguish the events present in the gait cycle. For instance, heel-off can be identified when the logic state of the sensor placed underneath the heel, FSR heel , changes from high to low, which indicates that the heel is leaving the ground. The swing phase begins when the same change occurs with the sensor placed underneath the front part of the shoe, FSR f ront , indicating that the foot is totally out of ground. A change from low to high of the logic state of FSR heel shows that the foot is returning to the ground. The sensor placed underneath the middle of the sole, FSR middle , ensures the identification of the stance phase. Table 1 describes the identification of the gait cycles. 
SENSOR FUSION STRATEGY
To implement the sensor fusion strategy the system was modeled considering that the AAFO absolute position is obtained directly from the gyroscope, whereas the accelerometer-based position is used as a redundant measurement to correct the gyroscope intrinsic errors. This occurs when the filter is enabled by a switching logic, which is composed of the FSRs signals and the acceleration sensed by the accelerometer.
State-Space System Modeling
Considering (1), the angular velocity of the AAFO is assumed to be obtained directly from the gyroscope signal as:
whereθ g (k) = v g (k)/a g is the angular velocity measured by the gyroscope and b(k) = −b g /a g is the gyroscope offset.
In (5), we assume that the offset of the sensor varies over time. Its dynamics can be described by:
which has a time constant τ that is estimated by the Allan variance of a random process, Xing [2008] .
On the other hand, when we compute the angular velocity and the gyroscope offset there is not information about the noise and therefore they are estimated as follows:
Hence, making
and
we obtain the system dynamic equation:
where ∆θ(k) and ∆b(k) are the state variables, the absolute position error and the gyroscope offset error, respectively.
The position obtained from the accelerometer is used in the sensor fusion strategy as a redundant measurement with the purpose of correcting the gyroscope-based position. From (4), the accelerometer-based position is given by:θ
where η a (k) is the noise.
To obtain the output equation of the state-space model, which is represented by the difference between the accelerometer-based position and the gyroscope-based position, we make:
Consequently:
where ∆z(k) corresponds to the position measurement which provides feedback to the filter.
After the estimation of each pair of states, the position measurement and the gyroscope offset are corrected by:
Robust Filtering Algorithm
As previously developed, the system represented by (11) and (14), considering now discrete time, presents the following structure:
To take into account the uncertainties present in the system model, one can assume that the parameters have a nominal value, while the actual ones vary in a range in
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which the central values are the nominal ones. As a result, the system with uncertainties is described by:
This way, comparing (11) and (14) with (19) and (20), we have:
where T is the sample period.
According to Sayed [2001] , the uncertainties are modeled as:
where M , E f and E g are matrices with appropriate dimensions and ∆ k may vary in the range from -1 up to 1.
Then, considering that there is uncertainty in the time constant τ of the bias model, (6), we obtain the following matrices:
where δ is the uncertainty. Therefore, the model given by (19) and (20) provides the designer with the freedom of restricting the sources of uncertainties by selecting the inputs {E f E g } appropriately, Sayed [2001] .
The estimates {x k+1|k ,x k+1|k+1 } in the following algorithm can be obtained by recursive iterations between the Steps 2 and 3. For the case whenλ k = 0, Steps 2 and 3 are reduced to the measurement update equations of the Kalman filter. The robust filter algorithm is the following:
Assumed uncertain model:
Equations (19) and (20). Π 0 > 0, R > 0, Q > 0 are given weighting matrices.
Initial conditions:
Step 1: If H k+1 M k = 0, then setλ k = 0 (Kalman filter). Otherwise, select α f (commonly 0 ≤ α f ≤ 1) and set
Step 3: Update {x k|k , P k|k } as follows:
Required Conditions to Apply the Filter
To use the robust filter correctly, the feedback signal of the filter must be extremely reliable. Thus, it is necessary to establish conditions to reach this requirement.
The first condition imposed concerns to the magnitude of the acceleration measured by the accelerometer to obtain the redundant position measurement. Equations (3) and (4) may be used to obtain a reliable position measurement only when the magnitude of the measured acceleration, a(k), is smaller than the gravitational acceleration, g. Thence, let |a(k)| < 0, 5g be condition one.
The second condition concerns to the intervals in which the position measurement obtained from the accelerometer presents the least possible variance. These intervals are obtained using the three FSRs placed in the sole of shoe. It was defined that the accelerometer signal is not take into account when the heel hits the ground because, around this event, high-magnitude accelerations are sensed. However, when the gait is in transition between stance phase and swing phase, minimal variances are observed. Thus, Table  2 summarizes the second condition. Using the two conditions aforementioned it was created a switching logic to let the robust filter algorithm to correct the AAFO absolute position in a reliable way.
EXPERIMENTAL RESULTS
The sensor fusion strategy with the proposed switching logic and the robust filter algorithm was tested on the active ankle-foot orthosis. Previously the gyroscope and the accelerometer were calibrated in a test bench using an electric motor with an encoder, in a procedure with known rotations.
A large sequence of short walkings with five or six steps each one was performed in the laboratory with the orthosis. The signal of each inertial sensor was sampled with a frequency f =100 Hz, enough to obtain a good representation of the orthosis position considering normal velocities of the human gait. During the tests the IMU remained turned on all the time with the purpose of evaluating, in a realistic way, the measurement errors caused by the heating of the gyroscope. Fig. 2 shows the result of the switching logic to activate the robust filter in the sensor fusion strategy, in this case for two steps of a short walking. It is possible to perceive that when the foot touches the ground (FSR heel in high level) there are peaks of acceleration and consequently the filter is not enabled. During the remaining period of the gait cycle the filter is active, except when the acceleration overcomes half of the gravity acceleration magnitude. Using this strategy, we can see in Fig. 3 a comparison between the performance of the Kalman and the robust filter for an upward deviation of the gyroscope signal. Note that for only three gait cycles the gyroscope-based position suffers a deviation of almost 8
• (observe the peaks of the position curve). In comparison with the Kalman filter, the robust one presents faster convergence to a gait pattern over the walking, which we assume here to be the actual one. Note that the peaks are almost constant after the second step and that the Kalman filter converges to the same gait pattern only after the third step.
Moreover, for a downward deviation, as shown in Fig. 4 , again a better performance of the robust filter is observed. While the convergence of the Kalman filter is reached only at the fourth step (for convenience, the first step was omitted), the robust filter is able to correct the gyroscopebased position, maintaining the gait pattern since the second step. Finally in Fig. 5 , an extreme situation where the gyroscope deviation was very intense, we can see the superiority of the robust filter in the absolute position estimation of the AAFO. While the gyroscope-based position presented an extreme upward deviation, the robust filter was able to keep the estimate within the gait pattern over a long interval, on the contrary of the Kalman estimation, which was clearly affected by a considerable downward deviation (compare the peaks of the two estimate curves).
Therefore, using the robust filter estimation of the AAFO absolute position, Fig. 6 shows an overview of the sensor fusion, which allows us to identify the gait events by using the FSRs signals along with the estimation of the absolute position.
CONCLUSION
In this paper it was presented a sensor fusion strategy based on robust filtering for position estimation of an active ankle-foot orthosis. An inertial measurement unit, better performance of the robust filter. with gyroscope and accelerometers, and three force sensitive resistors were used. Model uncertainties were considered in the gyroscope, so that the robust filter proposed in Sayed [2001] can be implemented. The estimated position obtained from the robust filter was compared with Kalman filter results, for a wide range of original signals from the sensors. It is shown that the results from the robust filter presented better performance even in extreme situations, where the gyroscope deviation was intense. It was ensured the efficiency of the robust filtering in the proposed sensor fusion strategy for absolute position estimation.
